Analyzing the Effect of Ensemble Size and Optimal Weighting of Machine
Learning Models on the Accuracy of Monthly Rainfall Prediction

Abstract

This study investigates the effect of ensemble size on the predictive performance of machine learning models for monthly rainfall
forecasting using the Climate Hazards Group InfraRed Precipitation with Stations (CHIRPS) satellite precipitation dataset. A
diverse set of machine learning algorithms was employed, including tree-based models (Random Forest, M5P, and M5Rules),
regression-based models (Linear Regression and AdditiveRegression), kernel-based models (SMOreg and Gaussian Processes),
instance-based models (IBk and LWL), and ensemble algorithms (Bagging, Random SubSpace, and Random Committee). Each
model was independently trained, and their outputs were subsequently integrated using a weighted ensemble approach. For all
possible combinations of 2 to 15 models, optimal weights were determined using an exhaustive Brute Force search, and the best
ensemble was selected by maximizing the Nash—Sutcliffe Efficiency (NSE) coefficient. The results revealed a nonlinear
relationship between ensemble size and predictive performance. The four-model ensemble consisting of SMOreg,
AdditiveRegression, DecisionTable, and M5Rules achieved the best overall performance, with an NSE of 0.88 and an RMSE of
21.10 mm, providing the best balance between prediction accuracy, model stability, and computational efficiency. Adding models
beyond this point did not improve predictive performance. Instead, increased error correlation, information redundancy, and
performance saturation substantially increased computational time without meaningful accuracy gains. These findings indicate that
structural diversity among base models is more important than simply increasing ensemble size. Although the quantitative results
depend on dataset characteristics and climatic conditions, the proposed framework can be applied to similar regions after retraining
with local data, providing a practical approach for developing efficient rainfall forecasting systems
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Introduction

Precipitation forecasting remains a cornerstone of hydrological and climatological sciences,
playing a pivotal role in sustainable water resource management, agricultural planning, energy
production, and natural disaster mitigation (Salahi et al., 2024). Given the increasing climatic
volatility, accurate precipitation prediction has become essential for reducing the adverse impacts
of extreme events, such as floods and droughts (Abdollahi et al., 2024; Fikileni & Wolski, 2020).
However, the inherent limitations of traditional statistical models in capturing non-linear
relationships and complex climatic behaviors have prompted a shift toward machine learning (ML)
algorithms, which effectively uncover hidden patterns within complex datasets (Patel et al., 2023;
Ramani et al., 2024). Despite advancements in modeling techniques, the sparsity of ground-based
stations remains a critical challenge, particularly in arid and semi-arid regions. To address this,
satellite-based datasets, such as CHIRPS, have emerged as robust sources for precipitation
modeling, offering long-term temporal coverage (since 1981), high spatial resolution, and reliable
integration of station and satellite data (Funk et al., 2015; Beck et al., 2017). Consequently, this
study utilizes monthly CHIRPS data as the primary input for developing predictive ML models.

In recent decades, ML applications for forecasting hydrological variables, including runoff,
streamflow, and groundwater levels, have grown significantly (Sharma et al., 2023). While
individual models (e.g., SVM, MLP, RF, GP) often yield accurate results, their performance
remains inconsistent when subjected to complex climatic variability (Zounemat Kermani, 2017).
To mitigate this, ensemble learning approaches have been developed to enhance predictive
accuracy and reduce the variance associated with single-model outputs (He et al., 2020; Mosavi et
al., 2022). A fundamental challenge in ensemble design is determining the optimal number of
constituent models. Increasing the ensemble size does not guarantee monotonic improvements in
accuracy; frequently, systems reach a saturation point where adding further models yields
diminishing returns or even degrades predictive performance (Kundu et al., 2023). Furthermore,
the assignment of optimal weights remains a complex task, as improper weighting can severely
undermine the ensemble’s efficacy (Arsenault et al., 2015; Wang et al., 2023). Despite the



availability of various integration methods, such as simple averaging, Akaike-based criteria, and
Bayesian model averaging, there is a lack of systematic research regarding the relationship
between ensemble size and overall performance.

To fill this research gap, this study systematically investigates the influence of ensemble size on
predictive accuracy, using the Nash-Sutcliffe Efficiency (NSE) index as the primary performance
metric. By evaluating all possible model combinations (from 2 to 15) and employing an optimal
weighting approach, we derive frequency distributions of NSE values to analyze performance
trends and stability. This research aims to identify the optimal ensemble size and provide deeper
insights into the transition mechanism from performance improvement to saturation, ultimately
establishing a practical framework for the design of robust, ML-based hydrological forecasting
systems.

Methodology

Data Acquisition

This study utilizes monthly precipitation data from the CHIRPS dataset for the Namak Lake basin,
spanning January 2000 to December 2024. Developed by the Climate Hazards Group, CHIRPS
provides precipitation data at a 0.05° spatial resolution. It integrates satellite infrared imagery,
long-term climatologies, and ground-based station data. Due to its proven efficacy in data-scarce
regions, CHIRPS serves as a reliable source for hydrological analysis (Funk et al., 2015).
Preprocessing and Data Splitting

Outlier detection was performed using the Interquartile Range (IQR) method (Tukey, 1977);
statistical assessments confirmed the absence of significant outliers or discontinuities, thus
eliminating the need for data normalization. The model inputs comprise monthly precipitation
(mm) and month-index to capture seasonal effects. Data were partitioned into training (2000-
2021) and testing (2022—-2024) sets.

Validation and Machine Learning Models

The CHIRPS dataset was validated against ground observations from four meteorological stations
(Aghcheh, Arteshabad, Araghaleh, and Ahmadabad) over a ten-year period (2007-2017). Initially,
16 machine learning models were evaluated; however, Random Tree was excluded due to poor
performance (R<0.5). The remaining 15 models, representing diverse algorithmic approaches,
including linear, distance-based, kernel-based (SMOreg, GP), neural networks (MLP, RBF), and
tree-based models (M5P, M5Rules, Decision Table), were optimized using WEKA’s GridSearch
tool.

Ensemble Strategy

To enhance predictive accuracy and reduce stochastic errors, a weighted ensemble approach was
implemented. We employed a Brute-force optimization algorithm to determine optimal weights
(ranging from 0 to 1 with 0.01 increments) for all possible model combinations (k = 2 to 15). This
approach identifies the combination that maximizes the Nash-Sutcliffe Efficiency (NSE) in the
testing phase, enabling a systematic analysis of the “performance saturation” point in ensemble
size. This methodology allows us to assess whether structural diversity, rather than merely
increasing the number of models, is the primary driver of predictive performance.

Performance Evaluation Metrics
Model performance was evaluated using are RMSE, MAE, MSE, Bias and NSE.



Results

Accuracy Assessment of Satellite Precipitation Data

The accuracy of the CHIRPS dataset was validated against ground-based observations from four
meteorological stations within the Namak Lake basin (2007-2017). Statistical analysis yielded a Nash-
Sutcliffe Efficiency (NSE) of 70%, confirming the suitability of CHIRPS for hydrological modeling in this
arid and semi-arid region. Despite a slight tendency toward underestimation (Bias = -0.09 mm), the dataset
demonstrated sufficient reliability for the purposes of this study.

Performance of Individual Machine Learning Models

The performance of 15 selected ML algorithms was evaluated using the testing dataset (2022-2024).
Models such as M5Rules (NSE: 80.81%) and AdditiveRegression (NSE: 75.2%) emerged as the most
robust, characterized by negligible bias and lower error variance. In contrast, algorithms like 1Bk exhibited
higher sensitivity to outliers, reflected in elevated Mean Squared Error (MSE) values. Our analysis
highlights that while complex models (e.g., MLP) excel at identifying intricate, non-linear relationships,
their performance is highly dependent on parameter tuning and data consistency. Tree-based models
generally displayed superior stability in managing the non-stationary nature of monthly precipitation data.

Ensemble Performance and the Impact of Model Count

Our evaluation of all possible ensemble combinations (k = 2 to 15) revealed a non-linear relationship
between ensemble size and predictive performance. The optimal ensemble configuration was identified as
a four-model combination (SMOreg, AdditiveRegression, DecisionTable, and M5Rules), achieving a peak
NSE of 88.76% and an RMSE of 21.10 mm.

The study establishes a clear “performance saturation” point: increasing the ensemble size beyond four
models did not yield further accuracy gains; instead, it led to a gradual decline in performance and a sharp,
exponential increase in computational costs, rising from approximately 1 minute for a dual-model ensemble
to 320 minutes for the full 15-model combination. This suggests that the redundancy and noise introduced
by excessive models may impede, rather than enhance, predictive accuracy.

Frequency Distribution Analysis of NSE

An analysis of the NSE frequency distribution further corroborates these findings. While smaller ensembles
(2-4 models) exhibit high performance variability, ensembles containing 5—7 models demonstrate superior
stability and a higher density of favorable outcomes within the 75-85% NSE range. Conversely, larger
ensembles (k > 9) show a distinct “phase transition” toward saturation, where information redundancy and
over-averaging diminish the potential for high-accuracy predictions. In conclusion, the four-model
ensemble provides an optimal equilibrium between predictive quality, stability, and computational
efficiency, demonstrating that structural diversity is significantly more critical than ensemble scale for
hydrological forecasting.

Conclusions

This research investigates the impact of ensemble size on the predictive accuracy of machine learning
precipitation forecasting, challenging the traditional assumption that larger ensembles inherently yield
superior performance. Our analysis demonstrates a non-linear relationship between the number of
constituent models (2-15) and forecasting efficacy. Findings reveal that while performance improves
initially, a four-model ensemble (SMOreg, AdditiveRegression, DecisionTable, and M5Rules) serves as
the performance apex (NSE: 88.76%). Beyond this threshold, the system encounters “saturation” and
“information interference,” leading to decreased accuracy and an exponential rise in computational
overhead (from 1 to 320 minutes). These results underscore that strategic model selection, prioritizing
optimization over numerical expansion, is a critical engineering necessity. Consequently, this study



advocates for the adoption of compact, high-efficiency ensembles in operational hydrology, offering a more
stable and cost-effective paradigm for real-time environmental forecasting.
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